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Abstract— We consider the application of the Kalman Filter
to systems with a certain type of measurement model. In addition to the state at the current time step, these measurements
also depend on the state from one time step earlier. Although
such measurement models are not encountered very often, they
do appear in some practical control applications in robotic
vision. In this paper, we derive a generalized Extended Kalman
Filter from a modified form of the basic Bayes filter. The
dependence of the measurement model on the previous state
is made explicit through the law of total probability, which
we include as an additional step in the standard predictioncorrection cycle of the Bayes filter. We find that this dependence
results in an increase in the measurement noise covariance.
We present the mathematical formulation along with the proof
of the filter equations. In the end, we demonstrate the filter
through a simulation of Monocular SLAM with wide-baseline
stereo measurements.

I. I NTRODUCTION
Filtering and estimation are pervasive tools in control
applications requiring accurate state estimates in the presence of noisy sensors. The Kalman Filter [1] provides the
Minimum Mean Squared Error (MMSE) estimate for linear
systems, and is one of the most widely used techniques
in this category. The Bayes filter algorithm (of which the
Kalman filter is a special case) consists of a two step
prediction-correction cycle. In this cycle, the error in the
state propagated through the process model is corrected
through measurements described by the measurement model.
This measurement model describes the dependence of the
measurement on the present state and possibly the control.
We are concerned here with measurements which include an
additional dependence on the state from one time step earlier.
The idea of measurements depending on an earlier state
is somewhat counter-intuitive thus we spend some time
here to describe our motivation. Our work is inspired by
a particular type of measurement encountered in robotic
vision, commonly known as motion-stereo or wide-baseline
stereo [2]. Stereo vision is frequently employed in vision
applications as a cheap and accurate sensor, consisting of
two cameras simultaneously measuring the image projections
of a single object in order to fully reconstruct its location
in the environment. However, the length of the base-line
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separating the two cameras is a serious bottleneck in the
ability to reconstruct points situated at large depths from the
stereo pair [3]. Applications requiring depth measurements
of distant scenes need an extremely large baseline which is
not practically feasible especially if the cameras are to be
mounted on a mobile robot [4]. Vision experts have tackled
this problem through wide-baseline stereo where a single
camera observes a static scene at two distinct points in
time from viewpoints whose relative transformation is known
[5]. The scene is then reconstructed by the conventional
stereo vision algorithm where the stereo pair now consists
of the same camera but at different time instants. Thus the
disparity measurement now depends on the camera pose
from one time step earlier and so, it is not covered by
the measurement model assumed by the standard Kalman
Filter. As an example application we consider motion-stereo
measurements in Simultaneous Localization And Mapping
[6] (SLAM), a problem studied extensively by the robotics
community, which we introduce in detail in Section V.
In this paper we determine the effect of the inclusion
of such measurement models in the Extended Kalman Filter framework. We accomplish this by deriving the EKF
equations from the Bayes filter algorithm. The conventional
Bayes filter is modified to include the dependence of the
measurement model on the previous state through the law of
total probability. The generalized EKF is then determined by
following the outline of the standard Kalman filter derivation
[7]. It is shown that the result is an increase in measurement
noise covariance. This increase is different than what is obtained by augmenting the state at consecutive time steps into
a single state vector. Thus this procedure is not equivalent
to state augmentation. As one might expect, the increase is
dependent on statistics of the process noise, marginal effect
of the process noise on the state dynamics and marginal
effect of the previous state on the current measurement.
The structure of the paper is as follows. Section II defines the problem mathematically. Section III presents the
equations of the generalized EKF and Section IV proves
their correctness through a mathematical derivation. Section
V employs Monocular SLAM as an example application
of the modified filter. Section VI describes the simulation
environment and the results. We conclude in Section VII.
II. P ROBLEM S TATEMENT
We wish to apply the Kalman Filter to the following
nonlinear discrete time system
xk+1 = f(xk , uk , wk ),
yk+1 = h(xk+1 , xk ) + vk+1 ,

(1)

where xk represents the n dimensional state vector at time
step k, uk is the control input, wk is the process noise,
yk is the measurement vector, vk is the measurement noise,
f(·, ·, ·) represents the process model and h(·, ·) represents
the measurement model. Furthermore, it is assumed that
wk ∼ N (0, Qk );

vk ∼ N (0, Rk ),

where Qk and Rk are the covariance matrices of the process
and measurement noise respectively. wk and vk are also
assumed to be white and uncorrelated to each other such
that
E[wi , wjT ] = E[vi , vjT ] = 0 ∀i 6= j;

E[wi , vjT ] = 0 ∀i, j.

We further assume (for reasons to become apparent
shortly), that the process model f(·, ·, ·) is invertible i.e. given
the state at time k +1, along with the control input and noise
vectors at time k, it is possible to calculate the state at time
k. We call this relation the inverse process and it is given as
xk = g(xk+1 , uk , wk ).
Note that the system represented in (1) is different in the
sense that the measurement model h(·, ·) includes xk the
state vector at the previous time step, as an argument. We
now proceed to generalizing the Extended Kalman Filter in
order to include this dependence.
III. T HE G ENERALIZED EKF E QUATIONS
The Generalized EKF equations for the system in (1) are
given as follows
Time Update Equations

x̂k+1|k = f x̂k|k , uk , 0 ,
Pk+1|k =

Fxk Pk|k FTxk

+

(2)
Fwk Qk FTwk ,

(3)

Measurement Update Equations
Wk+1 = Rk+1 + Hxk Gwk Qk GTwk HTxk ,

−1
Kk+1 = Pk+1|k HTxk+1 Hxk+1 Pk+1|k HTxk+1+Wk+1 ,

x̂k+1|k+1 = x̂k+1|k + Kk+1 yk+1 −h x̂k+1|k , x̂k|k ,

Pk+1|k+1 = I − Kk+1 Hxk+1 Pk+1|k ,

(4)
(5)
(6)
(7)

where x̂k+1|k and Pk+1|k are the a priori state estimate and
covariance, and x̂k+1|k+1 and Pk+1|k+1 are the a posteriori
state estimate and covariance respectively. Fxk , Fwk , Gwk ,
Hxk+1 and Hxk are the Jacobian matrices of the process,
inverse process and the measurement models w.r.t. the subscripted vectors respectively. Kk represents the Kalman gain
at time k. We call Wk the measurement covariance matrix
as it captures the uncertainty in measurement, both due to the
measurement noise and the dependence of measurement on
the previous state. It can be seen from (4) that Wk  0, ∀ k
and thus it is a valid covariance matrix. In fact as we will
see in Section IV it is the covariance of the distribution
associated with the expected measurement.

Note here that the difference between the standard EKF
and the EKF given by (2) – (7) lies in the calculation in
(4). If there is no dependence of the measurement model on
the previous state then Wk = Rk and the filter reduces to
the standard EKF. However if this dependence does exist,
then it results in an increase in the effective measurement
noise covariance. As this increase is due to the uncertainty
associated with the state at the previous time step, one might
expect this increase to be dependent on the process noise,
the marginal contribution of the process noise to the inverse
process, and the marginal contribution of the previous state to
the current measurement. This is exactly what (4) represents.
We now present the mathematical derivation of this filter.
IV. M ATHEMATICAL D ERIVATION
Here we present the proof of our Generalized EKF of
Section III. Our proof is inspired by that of the standard
EKF given in [7]. Our starting point is the basic Bayes filter
algorithm which consists of the following two steps
1) Compute the a priori state distribution through the law
of total probability using the process model and a
posteriori distribution of the previous time step.
2) Compute the a posteriori distribution through the
Bayes rule using the measurement model and the a
priori distribution computed in step 1.
We extend this filter by explicitly representing the dependence of the measurement on the previous state through
a second application of the law of total probability. This
modified form of the Bayes filter is given as follows
The Modified Bayes Filter
Step 1: state prediction
bel(xk+1 ) = p(xk+1 |y0:k , uk ) =
Z
p(xk+1 |xk , y0:k , uk )p(xk |y0:k , uk )dxk ,
Step 2: measurement prediction
p(yk+1 |xk+1 , y0:k , uk ) =
Z
p(yk+1 |xk+1 , y0:k , uk , xk ) p(xk |xk+1 , y0:k , uk )dxk ,
Step 3: state correction
bel(xk+1 ) = p(xk+1 |y0:k+1 , uk ) =

η p(yk+1 |xk+1 , y0:k , uk )p(xk+1 |y0:k , uk ),

where the function bel(xk ) represents the prior belief of the
state xk , bel(xk ) represents the posterior belief of xk and
y0:k represents all measurement vectors from time 0 to k.
A. Part 1: State Prediction
We begin with the first step of the modified Bayes
filter. The terms appearing on the R.H.S of Step 1 are
normally distributed with mean and covariance given as

,
p(xk+1 |xk , y0:k , uk )
|
{z
}

T
∼ N xk+1 ; f(x̂k , uk , 0) + Fxk (xk − x̂k ); Fwk Qk Fw
k
and,

p(xk |y0:k , uk ) ,
|
{z
}
∼ N (xk ; x̂k ; Pk )

where N (x; µ; σ 2 ) represents the Gaussian distribution for
random variable x with mean µ and variance σ 2 . Note that
from here onwards we will take x̂k to mean x̂k|k (similarly
for Pk ). We will now prove that bel(xk+1 ) is in fact a
Gaussian random vector with mean and covariance given
by (2) and (3) respectively. After substituting the PDF’s of
p(xk+1 |xk , y0:k , uk ) and p(xk |y0:k , uk ) in Step 1 of the
modified Bayes filter, bel(xk+1 ) can be written as,
Z
bel(xk+1 ) = η exp{−Lk+1 }dxk ,
where
1
T
= (xk − x̂k ) Pk −1 (xk − x̂k )
2

Lk+1
T
1
−1
+
xk+1 −f(x̂k , uk , 0)−Fxk (xk − x̂k ) (Fwk Qk FTwk )
2

xk+1 −f(x̂k , uk , 0)−Fxk (xk − x̂k ) .

To solve the integral in closed form, we decompose Lk+1 as
Lk+1 = L(xk,+1 xk )+L(xk+1 ). This decomposition enables
us to move L(xk+1 ) outside the integral, simplifying it to
Z
bel(xk+1 ) = η exp{−L(xk+1 )} exp{−L(xk+1 , xk )}dxk .
Also, we choose L(xk+1 , xk ) such that the value of the
integral does not depend upon xk+1 and hence, can be
submerged within the constant η. We now describe how such
a function may be obtained.
Note that Lk+1 is quadratic in xk . Thus it is possible to
take L(xk+1 , xk ) as a quadratic function in xk as well. If this
is so, then it may be interpreted as the function appearing in
the exponential of a Gaussian PDF (which always integrates
to a constant). The mean and variance will be given by
the minimum and inverse of the curvature of Lk+1 (w.r.t
 2
−1
∂ L(xk+1 , xk )
xk ) as min L(xk+1 , xk ) and
. And so,
xk
∂x2k
the resulting distribution will be defined entirely through
L(xk+1 ) as bel(xk+1 ) = η exp{−L(xk+1 )}. Through this
procedure we get the required function as
L(xk+1 , xk ) =

−1 

1h
xk+1 −f(xk , uk , 0)
xk − Ψk FTxk Fwk Qk FTwk
2

iT
−1
+ Ψk FTxk (Fwk Qk FTwk ) Fxk x̂k −P−1
x̂
k
k
h

−1 

−1
Ψk xk − Ψk FTxk Fwk Qk FTwk
xk+1 −f(xk , uk , 0)

i
−1
+ Ψk FTxk (Fwk Qk FTwk ) Fxk x̂k −P−1
x̂
,
k
k

where


−1
−1
Ψk = FTxk (Fwk Qk FTwk ) Fxk + Pk −1
.

Finally, L(xk+1 ) can be obtained by subtracting L(xk+1 , xk )
from Lk+1 . The large size of the expression makes it
infeasible to display here and we direct the interested reader
to [8] for the full calculation. We find that upon computing
this difference, all terms containing xk vanish as required.
Furthermore, L(xk+1 ) turns out to be quadratic in xk+1
which means that it is a valid function for the exponential of
a Gaussian PDF. The mean and covariance of the resulting
PDF are found as
−1
 2
∂ L(xk+1 )
.
x̂k+1|k = min L(xk+1 ); Pk+1|k =
xk+1
∂x2k+1
Carrying out this calculation gives us the following result
x̂k+1|k = f(xk , uk , 0),
Pk+1|k = Fxk Pk FTxk + Fwk Qk FTwk .
Thus bel(xk+1 ) is indeed Gaussian with mean x̂k+1|k and
covariance Pk+1|k both of which are given above. This
proves the correctness of (2) and (3).
B. Part 2: Measurement Prediction
The procedure we follow here is exactly the same as that
followed in Section IV-A. We begin with Step 2 of the modified Bayes filter, the terms appearing on the R.H.S of which,
are normally distributed with mean and covariance given as

∼N



p(yk+1 |xk+1 , y0:k , uk , xk )
,
|
{z
}

h(x̂k+1 , x̂k ) + Hxk+1 (xk+1 − x̂k+1 )
yk+1 ;
; Rk
+Hxk (xk − x̂k )

and,
∼N



p(xk |xk+1 , y0:k , uk )
.
{z
}
|

g(x̂k+1 , uk , 0)+
xk ;
; Gwk Qk GTwk
Gxk+1 (xk+1 − x̂k+1 )

After making these substitutions theZ integral can be expressed as p(yk+1 |xk+1 , y0:k , uk ) = exp{−Mk+1 }dxk ,
where
Mk+1 =
T
1
yk+1−h(x̂k+1 ,x̂k )−Hxk+1(xk+1− x̂k+1 )−Hxk(xk− x̂k )
2 

−1
Rk+1
yk+1−h(x̂k+1 ,x̂k )−Hxk+1(xk+1− x̂k+1 )−Hxk(xk− x̂k )
T
1
+ xk −g(x̂k+1 ,uk ,0)−Gxk+1 (xk+1 − x̂k+1 )
2

−1 

GwkQk GTwk
xk −g(x̂k+1 ,uk ,0)−Gxk+1 (xk+1 − x̂k+1 ) .

Just as before, we decompose Mk+1 as Mk+1 =
M(yk+1 , xk+1 , xk ) + M(yk+1 , xk+1 ). This decomposition
allows the following simplification
p(yk+1 |xk+1 , y0:k , uk ) =

Z
η exp{−M(yk+1 , xk+1 )} exp{−M(yk+1 , xk+1 , xk )}dxk .

Again, we choose M(yk+1 ,xk+1 ,xk ) such that the integrand
becomes a valid Gaussian PDF (upto a normalizing constant)
and so, integrates to a fixed value regardless of x̂k . We
obtain this function by calculating the minimum and inverse
of the curvature of Mk+1 (w.r.t xk ) and so, the resulting
distribution will be defined entirely through M(yk+1 , xk+1 )
as p(yk+1 |xk+1 , y0:k , uk ) = η exp{−M(yk+1 , xk+1 )}.
M(yk+1 , xk+1 ) is found through the following expression
M(yk+1 , xk+1 ) = Mk+1 − M(yk+1 , xk+1 , xk ).
Once we calculate this difference, we find that all terms
including xk vanish as required. The final mean and covariance of the resulting distribution are calculated through the
minimum and curvature of M(yk+1 , xk+1 ) as
−1
2
∂ M(yk+1 , xk+1 )
.
ŷk+1 = min M(yk+1 , xk+1 ); Wk+1 =
xk+1
∂x2k+1
This gives us
ŷk+1 = h(x̂k+1 , x̂k ) + Hxk+1 (xk+1 − x̂k+1 ),
and,
Wk+1 = Rk+1 + Hxk Gwk Qk GTwk HTxk .
This proves the correctness of (4).
C. Part3: Correction / Update
We begin with Step 3 of the modified Bayes filter. The terms on the RHS are normally distributed as
,
p(yk+1 |xk+1 , y0:k , uk )
{z
}
|

∼ N yk+1 ; h(x̂k+1 , x̂k ) + Hxk+1 (xk+1 − x̂k+1 ); Wk+1
and,

p(xk+1 |y0:k , uk )
.
{z
}
|

∼ N xk+1 ; f(x̂k , uk , 0); Fxk Pk FTxk + Fwk Qk FTwk

As easily observed, the product is given by the exponential
bel(xk+1 ) = η exp{−Jk+1 }, where
T
1
Jk+1 = yk+1 −h(x̂k+1 , x̂k )−Hxk+1 (xk+1 − x̂k+1 )
2
−1

Rk+1 +Hxk (Gwk Qk GTwk )HTxk


yk+1 −h(x̂k+1 , x̂k )−Hxk+1 (xk+1 − x̂k+1 )
T
1
+ xk+1 −f(x̂k , uk , 0)
2

−1

T
T
Fxk Pk Fxk +Fwk Qk Fwk xk+1 −f(x̂k , uk , 0) .

This function is quadratic in xk+1 and hence it represents
a Gaussian distribution. The mean and covariance of this
distribution is found as usual through the first two derivatives
with respect to xk+1 as
2
−1
∂ Jk+1
x̂k+1 = min Jk+1 ; and Pk+1 =
.
xk+1
∂x2k+1

The covariance turns out to be given by

−1
T
T
P−1
+
k+1 = Fxk Pk Fxk + Fwk Qk Fwk
(8)

−1
HTxk+1 Rk+1 + Hxk (Gwk Qk GTwk )HTxk
Hxk+1 .

Next, putting the first derivative equal to zero and solving
for xk+1 , we get the mean as
x̂k+1 =x̂k+1|k


−1
+Pk+1 HTxk+1 Rk+1 + Hxk (Gwk Qk GTwk )HTxk


yk+1 − h(x̂k+1 , x̂k ) .

Defining the Kalman Gain as

−1
Kk+1 = Pk+1 HTxk+1 Rk+1 + Hxk (Gwk Qk GTwk )HTxk
,
we get

x̂k+1 = x̂k+1|k + Kk+1 yk+1 −h x̂k+1|k , x̂k



.

This proves the correctness of (6).
The Kalman Gain as given above, is a function of Pk+1
which is at odds with the fact that we utilize Kk+1 to
calculate Pk+1 in (7). To avoid this, we transform our current
expression of Kk+1 , to include covariances other than Pk+1 .
This transformation is done by multiplying the RHS by a
cleverly chosen expression and its inverse as follows

−1
Kk+1 = Pk+1 HTxk+1 Rk+1 + Hxk (Gwk Qk GTwk )HTxk

Hxk+1 (Fxk Pk FTxk + Fwk Qk FTwk )HTxk+1

+(Rk+1 + Hxk (Gwk Qk GTwk )HTxk )

Hxk+1 (Fxk Pk FTxk + Fwk Qk FTwk )HTxk+1

+(Rk+1 + Hxk (Gwk Qk GTwk )HTxk ) −1
.

Multiplying the terms and carrying out a simplification
similar to that of [7], we get the following expression for
the Kalman Gain

−1
Kk+1 = Pk+1|k HTxk+1 Hxk+1 Pk+1|k HTxk+1 + Wk+1

This proves the correctness of (5).
The expression in (8) for Pk+1 that we have calculated
involves an inversion which is a heavy computation for
high dimensional state spaces. To avoid this, we carry out
a transformation to express Pk+1 in a more convenient
fashion. Recognizing certain terms in (8) and substituting
for them, gives us

−1
−1
T
Pk+1 = P−1
.
k+1|k + Hxk+1 Wk+1 Hxk+1
Applying the matrix inversion lemma [9] to this expression,
we get
Pk+1 = Pk+1|k


−1
− Pk+1|k HTxk+1 Wk+1 +Hxk+1 Pk+1|k HTxk+1 Hxk+1 Pk+1|k .

Further simplifying
Pk+1 = Pk+1|k − Kk+1 Hxk+1 Pk+1|k ,

= I − Kk+1 Hxk+1 Pk+1|k ,

which proves the correctness of (7).

V. E XAMPLE A PPLICATION : W IDE -BASELINE S TEREO IN
M ONOCULAR SLAM
As an application we consider here the problem depicted in
Figure 1: A camera navigating in a 2-D environment, taking
measurements of point features. The task is to track the
positions of the camera itself and the unknown point features
in the environment. This problem is commonly known in
the robotics community as Simultaneous Localization And
Mapping (SLAM) and has been studied for a range of
different sensors. We are interested here in the case of a
single camera (or Monocular SLAM). It has recently been
pointed out that it might be beneficial to incorporate the disparity measurement in addition to the conventional projective
camera measurements [8]. The measurement equations of
disparity however, include the state variables at the previous
time step and so, our extension to the standard Kalman filter
applies here. For the particular setting depicted in Figure 1,
we take the state to be the following vector consisting of the
camera pose and map variables
xk =



c

xk

c 0
xk

c

c 0
yk

yk

c

c 0
θk

θk

L2

xk

L2

yk

T

,

where c xk ,c yk and c θk are the location and orientation
variables of the camera at time k, and c x0k ,c yk0 and c θk0
are their respective velocities. L2 xk and L2 yk represent the
location of landmark 2. Note that as depicted in Figure 1,
we categorize landmarks into two types. The first type of
landmarks are unknown landmarks. The location of such
landmarks is to be estimated by the EKF and so, is included
in the state vector. The second type of landmarks referred to
as beacons, are landmarks whose location is precisely known
beforehand and are placed in the environment for the sole
purpose of maintaining system observability [10].



L1

x,L1 y

L2

x,L2 y





(cxk−1,c yk−1)
(cx0,c y0)
f
L2 (1) L1 (1)
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x
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yk−1

L1 (1)
yk−1

θk−1

(cxk ,c yk )
c

θk

L1 (1)
yk
L2 (1)
yk

Fig. 1: Monocular state sequence in 2-D. The yellow star
represents a beacon whereas the white star represents an
unknown landmark included in the state vector.

For the state dynamics, we assume a constant velocity
motion model [11] given as


F̄ 0 0 0
 0 F̄ 0 0 

xk+1 = 
 0 0 F̄ 0  xk + wk ,
0 0 0 I


1 ∆t
where F̄ =
with ∆t being the time step. The
0 1
process noise covariance is given by


qv Q̄
0
0
0
 0
qv Q̄
0
0 

Qk = 
 0
0
qθ Q̄ 0 
0
0
0
ql I
 1 3 1 2 
3 ∆t
2 ∆t
and qv , qθ and ql are the
where Q̄ =
1
2
∆t
2 ∆t
noise variances in the linear velocity, angular velocity and
landmark position respectively.

T
The measurement vector is given by yk = L1 ykT L2 ykT
where Li yk is a 2 × 1 vector corresponding to landmark i.
The first entry is the projective measurement and is given as
(1)

Li (1)
yk = f

(5)

(3)

(5)

(Li xk −xk ) cos(xk )+(Li yk −xk ) sin(xk )
(1)

(5)

(3)

(5)

−(Li xk −xk ) sin(xk )+(Li yk −xk ) cos(xk )

,

where f is the focal length of the camera, (Li xk , Li yk ) =
(7)
(8)
(Li x, Li y) for i=1 and (Li xk , Li yk )=(xk , xk ) for i=2.
The second entry is the disparity measurement and is given
as

2

2
(3)
(3)
(1)
(1)
f xk − xk−1 + f xk − xk−1
Li (2) 

 

.
yk =
(1)
(1)
(3)
(1)
(3)
(3)
xk −xk−1 xk−1− Li yk − xk−1− Li xk xk −xk−1

It is this second component of the measurement vector due
to which there is a dependence of the measurement model on
the previous state xk−1 . Further details of the measurement
equations can be found in [8].
VI. S IMULATION
A. Setup
The simulation shown in this section has been implemented in MATLAB. In the scenario presented here, the
robot follows a rhombus shaped trajectory with smoothed
corners as shown in Figure 2. Velocity has been kept higher
at the sides and lower at the corners. The focal length of
the camera has been set at 20 pixel units. The process and
measurement models are as given in Section V. The process
model is a constant velocity one with process noise modeled
2
as zero-mean Gaussian with variances of 10 (m/s2 ) , 2 deg2
2
and 0.02 m for the linear velocities, angular velocities
and landmark positions respectively. Measurement noise
variables have also been drawn from zero-mean Gaussian
distributions with variances of 0.074 pixels2 for projective
and 74 pixels2 for disparity measurements. Length of one
time step has been kept at 0.1 seconds after which the
robot receives projective and disparity measurements of the
landmarks and beacons. As seen in Figure 2 an incorrect

initial estimate is provided with large uncertainty.

matrices, whereas the last two show the sum of squared
error (or Sum of Squared Difference (SSD)) between the
true states and the estimated ones.
It is important to note here that the performance of the
generalized EKF appears to be better simply because of the
increased measurement noise covariance. For linear systems,
the increase will be constant and thus this performance can
be matched simply by increasing the measurement noise
covariance in the standard EKF framework. The magnitude
of this increase may be arrived at intelligently through the
methodology proposed in this paper, or simply by tuning the
noise parameters of the filter through empirical hit and trial.
VII. C ONCLUSION

Fig. 2: A robot performing SLAM in 2-D. The cameras depict the true pose of the robot at selected time steps, equally
distributed in time. The beacons are drawn in yellow whereas
the estimated landmark is in white. Estimated trajectories for
the standard and generalized EKF are shown. The ellipses
represent the 95% confidence regions. An incorrect estimate
with large uncertainty is provided.

In this paper we have considered the application of the
EKF to systems with measurement models dependent on
states from one time step earlier. Through a modified form
of the Bayes Filter, we have shown that this dependence
amounts simply to an increase in the measurement noise
covariance. For linear systems, this increase may be knowingly calculated offline and incorporated into the standard
EKF, or tuned empirically. The derivation done here gives a
theoretical justification for this increase, which may not be
apparent simply by tuning the noise covariances. For nonlinear systems however, this increase must be incorporated in
the standard EKF equations at each time step, in the form we
have derived here. Although in this paper the consideration of
such measurement models has been inspired by a particular
application in robotics, the work shown here may be applied
to similar models encountered in other fields as well.
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